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Abstract

This paper presents a comparative analysis of three simple machine learning algorithms (k-Nearest Neighbors,
Naive Bayes and Decision Tree) applied to the MNIST handwritten digit dataset. Various parameters for the
algorithms are tested: multiple k values, uniform and weighted voting for k-NN, Gaussian, Multinomial and
Bernoulli Naive Bayes with PCA reduction for Gaussian NB, various max depths, Gini index and Shannon
information gain criterions for Decision Trees. kNN achieves the best accuracy, while PCA + Gaussian Naive
Bayes achieves the fastest total runtime with satisfactory accuracy.
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1. Introduction

Handwriting recognition, often referred to as handwriting Optical Character Recognition (OCR) is
a specialized subfield of optical character recognition that transforms handwritten characters into
digital text or commands. Within this domain, handwritten digit recognition focuses on identifying
human-written numerals from diverse sources such as scanned images, paper forms, and touchscreens,
and classifying them into one of ten categories (0-9). [1]

Despite decades of development, handwritten digit recognition remains a significant challenge for
computers due to the unavoidable variability and imperfections in human handwriting — some digits
are written neatly, while others can be almost illegible even to the human eye. This inconsistency
makes research in handwritten text recognition especially important. There are numerous practical
applications of digit recognition, including driverless cars, identifying number plates, banking, and
more. As a result, research into handwritten digit recognition has intensified in recent years, and as
computational power increases, they continue to achieve higher accuracy and robustness. [2] There are
also several other models used in shape detection and processing of images like pose detection [3] or
multi-stage transformers applicable to complex ideas [4]. Very important for efficiency of the solution
are training and development together with data analytics processing. In [5] novel class discovery
method was proposed for data analytics to improve model training iv variety of configurations, while
[6] proposed dynamic center point learning for difficulties in input data.

In this paper, we present a comparative analysis of three simple machine learning algorithms —
k-Nearest Neighbors (k-NN), Naive Bayes, and Decision Trees applied to the MNIST dataset. For
k-NN, we vary the number of neighbors and contrast uniform against distance-weighted voting. In the
Naive Bayes experiments, we evaluate Gaussian, Multinomial, and Bernoulli variants, applying PCA
dimensionality reduction to the Gaussian model to 50 features [7]. Decision Trees are tested across a
range of maximum depths using both Gini impurity and Shannon information gain to split nodes. Our
objective is to evaluate each of these methods’ accuracy and computational performance, examining a
variety of parameter settings, thereby providing guidance for selecting the most suitable algorithm for
specific application requirements.
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2. Methodology

2.1. k-Nearest Neighbor

k-NN is based on computing a distance metric between the test sample and training samples. Euclidean
distance is commonly used as the distance metric, and is defined as such, with z, y being the samples
with n total features and x;, y; are the indivdual sample features [8]:

The scikit-learn Python library used for our evaluation uses Minkowski distance by default,
with order p = 2, which is the Euclidean distance [9, 10].

After computing distance metrics between the the test sample and all training samples, k closest
samples are selected and based on their classes a prediction is made. If they’re all in a single class A,
the test sample is also classified as A. If the neighbors belong to various classes, two approaches are
possible: simple majority voting or distance weighted voting. In simple majority voting the test sample
gets classified into the class with the most neighbors, in distance weighted voting the closer a neighbor
is, the more weight it has when classifying the test sample [11]. We compare both of those methods in
our analysis.

2.2. Naive Bayes

Naive Bayes classifiers are a family of supervised learning models based on the Bayes’ theorem,
which computes the posterior probability of each class ¢ given an input characteristic vector
x = (x1,22,...,2p). In our MNIST dataset, each image undergoes a flattening process to form
a D = 28 x 28 = 784 dimensional vector, where ¢ € {0,1,...,9} denotes the ten possible digit
labels. Under the "naive" assumption that all features are conditionally independent given the class, the
likelihood P(x | ¢) is expressed as:

D

P(x|c)=[] P(xj| o). (2)
j=1
By Bayes’ theorem,
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and classification reduces to the Maximum A Posteriori (MAP) rule:

D
¢ = arg max P(c) H P(z;|c) (4)
j=1

Here P(c) is the prior probability of class ¢, estimated as the fraction of training samples in that class.
The variations of naive Bayes classifiers differ mainly by the assumptions they make regarding the
distribution of P(z; | ¢) [12].

2.2.1. Gaussian Naive Bayes

The Gaussian Naive Bayes classifier assumes that features follow a normal distribution, with parameters
fe,; and o2 ; representing the mean and variance of feature z; for class c. The class-conditional
likelihood is given by:
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2.2.2. Multinomial Naive Bayes

Multinomial Naive Bayes is designed for count-based features. Each class-feature pair uses smoothed
maximum likelihood:
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where N ; is the total count of feature j and « is a smoothing parameter to prevent zero probabilities..
[13, 14].

Ocj = (6)

2.2.3. Bernoulli Naive Bayes

Bernoulli Naive Bayes assumes binary features (e.g., binarized pixels) and models the likelihood by
considering both the presence and absence of each feature:

Paily)=Plai=1y) zi+(1-Plai=1]y)) (1 -x) (7)

In scikit-1learn, BernoulliNB handles binarization internally [15].

2.3. Decision Trees

Decision Trees are tree-structured classification models learned in a top-down fashion with recursive
partirioning [16]. Every step divides the data based on a single feature. Best feature to split on is selected
through a variety of criterions such as: Shannon Information Gain, Gini Index, DKM Criterion, Gain
Ratio, Kolmogorov-Smirnov Criterion or others [17]. We compare the Shannon Information Gain and
Gini Index criterions in our analysis.

When the Shannon Information Gain criterion is used, the following information gain function is
maximized [18]:
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When the Gini Index criterion is used, the following function is maximized [18]:
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In both equations, the following variables are used:

 ¢; — class i out of k existing classes,

« p(c;) — probability of an object belonging to class ¢,

« t; — branch ¢ out of all n branches resulting from a split on a feature,

« p(t;) — probability of an object belonging to branch t;,

« p(cj|ti) — conditional probability of an object belonging to class ¢; if it belongs to branch ¢;



Table 1
k-Nearest Neighbor benchmark results

k  Prediction voting Accuracy Mean time to predict the entire test set

3 Uniform 97.05% 13.49s
5 Uniform 96.88% 13.17s
7 Uniform 96.94% 13.16s
3 Weighted 97.17% 12.51s
5 Weighted 96.91% 12.50s
7 Weighted 97.00% 12.81s

3. Experiments

All algorithms were benchmarked on a machine with AMD Ryzen 5 3600 as the CPU and 32 GB RAM
(17.7 GB/s reported by Memtest86+). All code used was written in Python using the scikit-learn
library, with n_jobs set to —1 where possible. No other optimizations were applied.

As the training and test set are constant, the accuracy is always the same. Time might differ depending
on CPU load, therefore the benchmarking is done as follows:

+ Run classifier 3 times as warm-up
+ Run classifier 30 times measuring time taken for each iteration
+ Take the mean of measurements

3.1. Dataset

MNIST is a database of size-normalized and centered handwritten digit images of size 28x28 pixels. It
contains 70000 grayscale images (60000 training images, 10000 test images), out of which 4 are labeled
incorrectly [19, 20].
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Figure 1: First 5 digits of the MNIST train dataset with labels

3.2. k-NN

We tested the k-Nearest Neighbor algorithm with multiple prime k € {3, 5, 7} values, with both uniform
and weighted voting. Benchmark results are included in Table 1.

As expected, we observed negligible differences in speed, under a second for the biggest difference.
Because all selected k values achieve similar accuracy, we will consider £k = 5 (both uniform and
weighted) in comparison to other algorithms — the default scikit-1learn setting [9].

3.3. Naive Bayes

We compared four Naive Bayes variants — GaussianNB, PCA-enhanced GaussianNB, MultinomialNB
and BernoulliNB — and presented their accuracy and runtime in Table 2.

Raw GaussianNB achieves only 55.4% accuracy because it treats each pixel as an independent
normally distributed feature, which doesn’t perform well with the complex, multi-modal distributions



Table 2
Naive Bayes benchmark results

Model Accuracy | Mean training time | Mean total time
GaussianNB 55.4% 0.47s 1.03s
PCA + GaussianNB 87.8% 0.51s 0.56s
MultinomialNB 83.7% 1.79s 1.80s
BernoulliNB 84.3% 2.04s 2.10s
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Figure 2: Decision tree accuracy by max depth and split criterion
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of handwritten digits. To address this, we applied PCA with 50 components, reducing the data’s
784 dimensions by focusing on the directions with the most variance. This helped reduce noise and
created a space where GaussianNB’s assumption of normality worked better — with accuracy reaching
87.8% while also reducing the prediction runtime [21]. Because of this we will not consider regular
GaussianNB in comparison to other algorithms, only the PCA-enhanced version.

The discrete-feature classifiers MultinomialNB, which treats pixel intensities as counts, and
Bernoul1iNB, which encodes pixels as binary values, achieve 83.7% and 84.3% accuracy, respectively;
although they require longer training times, their performance approaches that of the PCA-enhanced

GaussianNB.



Table 3
Decision Tree benchmark results

Tree max Shannon Information Gain Gini Index
depth Mean time to learn Accuracy | Mean time to learn Accuracy
1 1.02s 20.6% 1.02s 19.94%
2 1.94s 33.98% 1.85s 34.47%
3 2.92s 49.18% 2.71s 49.53%
4 4.07s 62.3% 3.57s 59.57%
5 5.32s 69.95% 4.41s 67.47%
6 6.38s 75.68% 5.21s 74.16%
7 7.68s 79.85% 6.01s 78.53%
8 8.98s 83.58% 6.79s 81.86%
9 10.48s 86.02% 7.58s 85.01%
10 11.35s 87.24% 8.47s 86.57%
11 12.67s 88.06% 9.25s 87.48%
12 14.14s 88.28% 9.88s 87.85%
13 14.57s 89.08% 10.53s 88.05%
14 14.56s 88.72% 11.09s 88.22%
15 14.81s 88.73% 11.60s 88.2%
16 15.03s 88.89% 12.05s 88.16%
17 15.11s 88.6% 12.53s 88.22%
18 15.27s 88.48% 12.87s 88.02%
19 15.31s 88.53% 13.20s 88.14%
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Figure 4: Algorithm accuracy

3.4. Decision Trees

We tested the Decision Tree algorithm with multiple maximum tree depths from 1 to 19, using both
Shannon Infromation Gain and Gini Index. Benchmark results are included in Table 3 and on Figures 2, 3.
Predicion benchmarks are ommited, as they are negligible (mean 0.02s).

We can observe both criterion achieve similar accuracy, however Gini Index has a consistently lower
training time than Shannon Information Gain. We will consider max tree depth 11 in comparison to
other algorithms, with both criterions.

4. Conclusion

As we can see on Figure 4, kNN has the best accuracy out of all algorithms tested. It is also the slowest,
so if only accuracy is a concern and runtime is not, it should be used. Both distance weighted and
majority voting methods achieve similar accuracy results, so either one can be selected. If runtime is a
concern then PCA + Gaussian Naive Bayes should be selected - it has the lowest runtime total (training
+ prediction) while achieving satisfactory accuracy. Both Decision Trees achieve similar accuracy to



PCA-enhanced GaussianNB. They take much longer to train however are the fastest to predict the
entire set, so they should be used if prediction time is the biggest concern.
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